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First results with ESMs are encouraging 	
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First results with ESMs are encouraging 	

Assimilation of BGC fields still not  
  functional for initialization... 

Seferian	et	al	2014	

...yet Net Primary Production can be    
     fairly well constrained from SSTs... 

Ocean productivity 

SST 

...and even predictable several years ahead 
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Fig. 2. Comparison of the predictive skill in reproducing observed variations in annual mean NPP and SST. (A–C) Correlation skill score in predicting
estimated yearly mean anomalies of primary productivity of Eppley–VGPM and VGPM average. (D–F ) SST (Reynolds and HadISST average). Skill at 1-y lead
time (LT) of the hindcasts over the 10 y of SeaWiFS period for (A) the NPP and (D) the SST. As A and D, but over the lead time years 2–5 of the hindcasts for
(B) the NPP and (E ) the SST. Significance at 90% level confidence is contoured in black lines. Fishing areas from January 1991 to December 2011 within the
low-latitude Pacific ocean (30°S–30°N) are indicated as green-hatched regions. Skill score diagram of the 10-y-long hindcasts evenly distributed over the
SeaWiFS period (1998–2008) for (C ) NPP and (F ) the averaged SST within the low-latitude Pacific ocean. Both AC-SS and RMSE-SS are computed from
yearly detrended anomalies over the SeaWiFS period (1998–2008) and over the MODIS period (2002–2012; SI Appendix, Fig. S11). The hatched regions
indicate predictability limits at 90% and 95% for the AC-SS and the σObs for the RMSE-SS. The filled squares and triangles indicate measures of effective
and potential predictability, respectively. The numbers mentioned in both squares and triangles represent the lead time year (LT) of the hindcast
prediction.
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estimated yearly mean anomalies of primary productivity of Eppley–VGPM and VGPM average. (D–F ) SST (Reynolds and HadISST average). Skill at 1-y lead
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Results are even more promising at the seasonal 
scale, in particular for the Atlantic Ocean 

remain evident beneath the mixed layer during
summer and reemerge when the mixed layer
deepens during the subsequent fall and winter
(Fig. 3A). High-NO3 anomalies then lead to ele-
vated chlorophyll during the following growing
season (Fig. 3B). A composite of high- versus low-
chlorophyll years (fig. S8) confirms that high-
NO3 anomalies are associated with enhanced
NO3-based spring phytoplankton production,
followed by enhanced ammonium-based (i.e., re-
cycled) production during the summer and fall.
This chlorophyll reemergence pattern resembles
the mechanism for predicting midlatitude SST
anomalies (34) but, unlike the predictable SST
signal, which occurs after the breakdown of sum-
mer stratification, the predictable chlorophyll sig-
nal occurs during the stratified period.
Other extratropical areas exhibit variations on

the basic reemergence mechanism illustrated for
the North Atlantic. The South Pacific reemer-
gence signal remains exceptionally strong through
2 years (Fig. 1E; Fig. 3, C and D; and fig. S9). In
the North Pacific, prediction skill is weaker and
limited in spatial extent (Fig. 1F; Fig. 3, E and F;
and fig. S10). This may reflect a greater role of
atmospheric iron deposition in the North Pacific
masked by our current use of a constant depo-
sition climatology (22) or stronger stochastic
atmospheric forcing causing irregular and spa-
tially less homogeneous chlorophyll fluctuations
relative to other regions (35).

Successful prediction of chlorophyll anomalies
in some regions across multiple years gives cause
for optimism concerning the utility of biogeo-
chemical predictions for marine resource appli-
cation. As a proof of concept, we considered the
capacity to anticipate interannual fluctuations in
aggregate fish catch using predicted chlorophyll
and SST, two known “bottom-up” drivers of fish
catch (12, 29, 30). We assessed predictions in
coastal large marine ecosystems (LMEs, fig. S11)
accounting for over 95% of global fish catch (36).
Annualmean fish-catch data were obtained from
the Sea Around Us project (37). Despite coarse
ocean grids that limit resolution of coastal circu-
lation and ecosystem processes, global climate pre-
diction systems have significant SST-forecasting
skill for many LMEs (38, 39), and our results
show that this also holds for interannual chloro-
phyll anomalies (fig. S12).
We assessed the potential for biogeochemical

predictions to inform interannual fish-catch fluc-
tuations in a subset of LMEs based on three con-
ditions. First, we identified LMEs in which past
interannual catch fluctuations are significantly cor-
related with observed SST or chlorophyll anom-
alies over the retrospective forecast period. We
considered both concurrent and 1-year–lagged
relationships. The concurrent relationship tests
for rapid catch responses such as immigration
during favorable conditions. A 1-year lag allows
for propagating environmental effects such as

recruitment of short-lived species.Whereas longer
lag responses between environmental drivers
and ecosystem responses are possible (40, 41),
contemporaneous or short lag signals have pro-
ven to be the most tractable for management-
driven forecasts (42) and are of primary interest
for assessing the utility of the interannual bio-
geochemical predictions herein. Twenty-five out
of the 54 heavily fished LMEs considered satis-
fied this first condition (Fig. 4 and figs. S13 and
S14). The absence of a significant relationship
in 29 LMEs does not imply that there are no
“bottom-up” constraints on these systems, only
that a relationship between interannual aggre-
gate catch and SST or chlorophyll anomalies
could not be discerned over the retrospective
forecast period.
Second, we subselected LMEs for which the

global biogeochemical prediction system could
predict observed annual mean SST or chlorophyll
anomalies with significant skill. Such cases were
ubiquitous, with 38 of 54 LMEs satisfying this
condition despite the model’s coarse ocean reso-
lution (fig. S12). Fifteen of these LMEs also satis-
fied our first condition (Fig. 4).
Third, we subselected LMEs in which the

bottom-up relationship was strong enough and
environmental predictions were skillful enough
to significantly explain the reported aggregate
interannual fish-catch anomalies. Consistent
with our first selection condition, predicted

Park et al., Science 365, 284–288 (2019) 19 July 2019 2 of 5

Fig. 1. Prediction skill in
reproducing observed
variations of monthly chloro-
phyll anomaly. (A) Chlorophyll
prediction skill measured by the
mean monthly anomaly corre-
lation coefficient (ACC)
between predicted and
observed (satellite) chlorophyll
at a 1- to 3-month lead time
during the period 1997–2017.
Stippled areas indicate that the
correlation is significantly
greater than 0 with 95% confi-
dence. Areas with less than
80% satellite chlorophyll cov-
erage are masked in gray.
(B to F) Chlorophyll prediction
skill as a function of forecast
initialization month (x axis)
and lead time (y axis) in the
Tropical Pacific (170°E–100°W,
10°S–10°N), Indian (55°E–95°E,
25°S–0°S), North Atlantic
(70°W–20°W, 25°N–40°N),
North Pacific (170°E–130°W,
25°N–45°N), and South Pacific
(170°W–100°W, 35°S–15°S)
oceans. Circles indicate sig-
nificant (P < 0.05) prediction
skill: White circles indicate
that the chlorophyll forecast skill from the biogeochemical prediction system exceeds the persistent forecast skill; gray circles indicate
that the skill of the biogeochemical forecast is significant, but it is not significantly better than a persistence forecast. Three-month running
mean anomalies are used for the calculation of ACCs.
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Results are even more promising at the seasonal 
scale, in particular for the Atlantic Ocean 

remain evident beneath the mixed layer during
summer and reemerge when the mixed layer
deepens during the subsequent fall and winter
(Fig. 3A). High-NO3 anomalies then lead to ele-
vated chlorophyll during the following growing
season (Fig. 3B). A composite of high- versus low-
chlorophyll years (fig. S8) confirms that high-
NO3 anomalies are associated with enhanced
NO3-based spring phytoplankton production,
followed by enhanced ammonium-based (i.e., re-
cycled) production during the summer and fall.
This chlorophyll reemergence pattern resembles
the mechanism for predicting midlatitude SST
anomalies (34) but, unlike the predictable SST
signal, which occurs after the breakdown of sum-
mer stratification, the predictable chlorophyll sig-
nal occurs during the stratified period.
Other extratropical areas exhibit variations on

the basic reemergence mechanism illustrated for
the North Atlantic. The South Pacific reemer-
gence signal remains exceptionally strong through
2 years (Fig. 1E; Fig. 3, C and D; and fig. S9). In
the North Pacific, prediction skill is weaker and
limited in spatial extent (Fig. 1F; Fig. 3, E and F;
and fig. S10). This may reflect a greater role of
atmospheric iron deposition in the North Pacific
masked by our current use of a constant depo-
sition climatology (22) or stronger stochastic
atmospheric forcing causing irregular and spa-
tially less homogeneous chlorophyll fluctuations
relative to other regions (35).

Successful prediction of chlorophyll anomalies
in some regions across multiple years gives cause
for optimism concerning the utility of biogeo-
chemical predictions for marine resource appli-
cation. As a proof of concept, we considered the
capacity to anticipate interannual fluctuations in
aggregate fish catch using predicted chlorophyll
and SST, two known “bottom-up” drivers of fish
catch (12, 29, 30). We assessed predictions in
coastal large marine ecosystems (LMEs, fig. S11)
accounting for over 95% of global fish catch (36).
Annualmean fish-catch data were obtained from
the Sea Around Us project (37). Despite coarse
ocean grids that limit resolution of coastal circu-
lation and ecosystem processes, global climate pre-
diction systems have significant SST-forecasting
skill for many LMEs (38, 39), and our results
show that this also holds for interannual chloro-
phyll anomalies (fig. S12).
We assessed the potential for biogeochemical

predictions to inform interannual fish-catch fluc-
tuations in a subset of LMEs based on three con-
ditions. First, we identified LMEs in which past
interannual catch fluctuations are significantly cor-
related with observed SST or chlorophyll anom-
alies over the retrospective forecast period. We
considered both concurrent and 1-year–lagged
relationships. The concurrent relationship tests
for rapid catch responses such as immigration
during favorable conditions. A 1-year lag allows
for propagating environmental effects such as

recruitment of short-lived species.Whereas longer
lag responses between environmental drivers
and ecosystem responses are possible (40, 41),
contemporaneous or short lag signals have pro-
ven to be the most tractable for management-
driven forecasts (42) and are of primary interest
for assessing the utility of the interannual bio-
geochemical predictions herein. Twenty-five out
of the 54 heavily fished LMEs considered satis-
fied this first condition (Fig. 4 and figs. S13 and
S14). The absence of a significant relationship
in 29 LMEs does not imply that there are no
“bottom-up” constraints on these systems, only
that a relationship between interannual aggre-
gate catch and SST or chlorophyll anomalies
could not be discerned over the retrospective
forecast period.
Second, we subselected LMEs for which the

global biogeochemical prediction system could
predict observed annual mean SST or chlorophyll
anomalies with significant skill. Such cases were
ubiquitous, with 38 of 54 LMEs satisfying this
condition despite the model’s coarse ocean reso-
lution (fig. S12). Fifteen of these LMEs also satis-
fied our first condition (Fig. 4).
Third, we subselected LMEs in which the

bottom-up relationship was strong enough and
environmental predictions were skillful enough
to significantly explain the reported aggregate
interannual fish-catch anomalies. Consistent
with our first selection condition, predicted
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Fig. 1. Prediction skill in
reproducing observed
variations of monthly chloro-
phyll anomaly. (A) Chlorophyll
prediction skill measured by the
mean monthly anomaly corre-
lation coefficient (ACC)
between predicted and
observed (satellite) chlorophyll
at a 1- to 3-month lead time
during the period 1997–2017.
Stippled areas indicate that the
correlation is significantly
greater than 0 with 95% confi-
dence. Areas with less than
80% satellite chlorophyll cov-
erage are masked in gray.
(B to F) Chlorophyll prediction
skill as a function of forecast
initialization month (x axis)
and lead time (y axis) in the
Tropical Pacific (170°E–100°W,
10°S–10°N), Indian (55°E–95°E,
25°S–0°S), North Atlantic
(70°W–20°W, 25°N–40°N),
North Pacific (170°E–130°W,
25°N–45°N), and South Pacific
(170°W–100°W, 35°S–15°S)
oceans. Circles indicate sig-
nificant (P < 0.05) prediction
skill: White circles indicate
that the chlorophyll forecast skill from the biogeochemical prediction system exceeds the persistent forecast skill; gray circles indicate
that the skill of the biogeochemical forecast is significant, but it is not significantly better than a persistence forecast. Three-month running
mean anomalies are used for the calculation of ACCs.
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remain evident beneath the mixed layer during
summer and reemerge when the mixed layer
deepens during the subsequent fall and winter
(Fig. 3A). High-NO3 anomalies then lead to ele-
vated chlorophyll during the following growing
season (Fig. 3B). A composite of high- versus low-
chlorophyll years (fig. S8) confirms that high-
NO3 anomalies are associated with enhanced
NO3-based spring phytoplankton production,
followed by enhanced ammonium-based (i.e., re-
cycled) production during the summer and fall.
This chlorophyll reemergence pattern resembles
the mechanism for predicting midlatitude SST
anomalies (34) but, unlike the predictable SST
signal, which occurs after the breakdown of sum-
mer stratification, the predictable chlorophyll sig-
nal occurs during the stratified period.
Other extratropical areas exhibit variations on

the basic reemergence mechanism illustrated for
the North Atlantic. The South Pacific reemer-
gence signal remains exceptionally strong through
2 years (Fig. 1E; Fig. 3, C and D; and fig. S9). In
the North Pacific, prediction skill is weaker and
limited in spatial extent (Fig. 1F; Fig. 3, E and F;
and fig. S10). This may reflect a greater role of
atmospheric iron deposition in the North Pacific
masked by our current use of a constant depo-
sition climatology (22) or stronger stochastic
atmospheric forcing causing irregular and spa-
tially less homogeneous chlorophyll fluctuations
relative to other regions (35).

Successful prediction of chlorophyll anomalies
in some regions across multiple years gives cause
for optimism concerning the utility of biogeo-
chemical predictions for marine resource appli-
cation. As a proof of concept, we considered the
capacity to anticipate interannual fluctuations in
aggregate fish catch using predicted chlorophyll
and SST, two known “bottom-up” drivers of fish
catch (12, 29, 30). We assessed predictions in
coastal large marine ecosystems (LMEs, fig. S11)
accounting for over 95% of global fish catch (36).
Annualmean fish-catch data were obtained from
the Sea Around Us project (37). Despite coarse
ocean grids that limit resolution of coastal circu-
lation and ecosystem processes, global climate pre-
diction systems have significant SST-forecasting
skill for many LMEs (38, 39), and our results
show that this also holds for interannual chloro-
phyll anomalies (fig. S12).
We assessed the potential for biogeochemical

predictions to inform interannual fish-catch fluc-
tuations in a subset of LMEs based on three con-
ditions. First, we identified LMEs in which past
interannual catch fluctuations are significantly cor-
related with observed SST or chlorophyll anom-
alies over the retrospective forecast period. We
considered both concurrent and 1-year–lagged
relationships. The concurrent relationship tests
for rapid catch responses such as immigration
during favorable conditions. A 1-year lag allows
for propagating environmental effects such as

recruitment of short-lived species.Whereas longer
lag responses between environmental drivers
and ecosystem responses are possible (40, 41),
contemporaneous or short lag signals have pro-
ven to be the most tractable for management-
driven forecasts (42) and are of primary interest
for assessing the utility of the interannual bio-
geochemical predictions herein. Twenty-five out
of the 54 heavily fished LMEs considered satis-
fied this first condition (Fig. 4 and figs. S13 and
S14). The absence of a significant relationship
in 29 LMEs does not imply that there are no
“bottom-up” constraints on these systems, only
that a relationship between interannual aggre-
gate catch and SST or chlorophyll anomalies
could not be discerned over the retrospective
forecast period.
Second, we subselected LMEs for which the

global biogeochemical prediction system could
predict observed annual mean SST or chlorophyll
anomalies with significant skill. Such cases were
ubiquitous, with 38 of 54 LMEs satisfying this
condition despite the model’s coarse ocean reso-
lution (fig. S12). Fifteen of these LMEs also satis-
fied our first condition (Fig. 4).
Third, we subselected LMEs in which the

bottom-up relationship was strong enough and
environmental predictions were skillful enough
to significantly explain the reported aggregate
interannual fish-catch anomalies. Consistent
with our first selection condition, predicted
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Fig. 1. Prediction skill in
reproducing observed
variations of monthly chloro-
phyll anomaly. (A) Chlorophyll
prediction skill measured by the
mean monthly anomaly corre-
lation coefficient (ACC)
between predicted and
observed (satellite) chlorophyll
at a 1- to 3-month lead time
during the period 1997–2017.
Stippled areas indicate that the
correlation is significantly
greater than 0 with 95% confi-
dence. Areas with less than
80% satellite chlorophyll cov-
erage are masked in gray.
(B to F) Chlorophyll prediction
skill as a function of forecast
initialization month (x axis)
and lead time (y axis) in the
Tropical Pacific (170°E–100°W,
10°S–10°N), Indian (55°E–95°E,
25°S–0°S), North Atlantic
(70°W–20°W, 25°N–40°N),
North Pacific (170°E–130°W,
25°N–45°N), and South Pacific
(170°W–100°W, 35°S–15°S)
oceans. Circles indicate sig-
nificant (P < 0.05) prediction
skill: White circles indicate
that the chlorophyll forecast skill from the biogeochemical prediction system exceeds the persistent forecast skill; gray circles indicate
that the skill of the biogeochemical forecast is significant, but it is not significantly better than a persistence forecast. Three-month running
mean anomalies are used for the calculation of ACCs.
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Results are even more promising at the seasonal 
scale, in particular for the Atlantic Ocean 

remain evident beneath the mixed layer during
summer and reemerge when the mixed layer
deepens during the subsequent fall and winter
(Fig. 3A). High-NO3 anomalies then lead to ele-
vated chlorophyll during the following growing
season (Fig. 3B). A composite of high- versus low-
chlorophyll years (fig. S8) confirms that high-
NO3 anomalies are associated with enhanced
NO3-based spring phytoplankton production,
followed by enhanced ammonium-based (i.e., re-
cycled) production during the summer and fall.
This chlorophyll reemergence pattern resembles
the mechanism for predicting midlatitude SST
anomalies (34) but, unlike the predictable SST
signal, which occurs after the breakdown of sum-
mer stratification, the predictable chlorophyll sig-
nal occurs during the stratified period.
Other extratropical areas exhibit variations on

the basic reemergence mechanism illustrated for
the North Atlantic. The South Pacific reemer-
gence signal remains exceptionally strong through
2 years (Fig. 1E; Fig. 3, C and D; and fig. S9). In
the North Pacific, prediction skill is weaker and
limited in spatial extent (Fig. 1F; Fig. 3, E and F;
and fig. S10). This may reflect a greater role of
atmospheric iron deposition in the North Pacific
masked by our current use of a constant depo-
sition climatology (22) or stronger stochastic
atmospheric forcing causing irregular and spa-
tially less homogeneous chlorophyll fluctuations
relative to other regions (35).

Successful prediction of chlorophyll anomalies
in some regions across multiple years gives cause
for optimism concerning the utility of biogeo-
chemical predictions for marine resource appli-
cation. As a proof of concept, we considered the
capacity to anticipate interannual fluctuations in
aggregate fish catch using predicted chlorophyll
and SST, two known “bottom-up” drivers of fish
catch (12, 29, 30). We assessed predictions in
coastal large marine ecosystems (LMEs, fig. S11)
accounting for over 95% of global fish catch (36).
Annualmean fish-catch data were obtained from
the Sea Around Us project (37). Despite coarse
ocean grids that limit resolution of coastal circu-
lation and ecosystem processes, global climate pre-
diction systems have significant SST-forecasting
skill for many LMEs (38, 39), and our results
show that this also holds for interannual chloro-
phyll anomalies (fig. S12).
We assessed the potential for biogeochemical

predictions to inform interannual fish-catch fluc-
tuations in a subset of LMEs based on three con-
ditions. First, we identified LMEs in which past
interannual catch fluctuations are significantly cor-
related with observed SST or chlorophyll anom-
alies over the retrospective forecast period. We
considered both concurrent and 1-year–lagged
relationships. The concurrent relationship tests
for rapid catch responses such as immigration
during favorable conditions. A 1-year lag allows
for propagating environmental effects such as

recruitment of short-lived species.Whereas longer
lag responses between environmental drivers
and ecosystem responses are possible (40, 41),
contemporaneous or short lag signals have pro-
ven to be the most tractable for management-
driven forecasts (42) and are of primary interest
for assessing the utility of the interannual bio-
geochemical predictions herein. Twenty-five out
of the 54 heavily fished LMEs considered satis-
fied this first condition (Fig. 4 and figs. S13 and
S14). The absence of a significant relationship
in 29 LMEs does not imply that there are no
“bottom-up” constraints on these systems, only
that a relationship between interannual aggre-
gate catch and SST or chlorophyll anomalies
could not be discerned over the retrospective
forecast period.
Second, we subselected LMEs for which the

global biogeochemical prediction system could
predict observed annual mean SST or chlorophyll
anomalies with significant skill. Such cases were
ubiquitous, with 38 of 54 LMEs satisfying this
condition despite the model’s coarse ocean reso-
lution (fig. S12). Fifteen of these LMEs also satis-
fied our first condition (Fig. 4).
Third, we subselected LMEs in which the

bottom-up relationship was strong enough and
environmental predictions were skillful enough
to significantly explain the reported aggregate
interannual fish-catch anomalies. Consistent
with our first selection condition, predicted
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Fig. 1. Prediction skill in
reproducing observed
variations of monthly chloro-
phyll anomaly. (A) Chlorophyll
prediction skill measured by the
mean monthly anomaly corre-
lation coefficient (ACC)
between predicted and
observed (satellite) chlorophyll
at a 1- to 3-month lead time
during the period 1997–2017.
Stippled areas indicate that the
correlation is significantly
greater than 0 with 95% confi-
dence. Areas with less than
80% satellite chlorophyll cov-
erage are masked in gray.
(B to F) Chlorophyll prediction
skill as a function of forecast
initialization month (x axis)
and lead time (y axis) in the
Tropical Pacific (170°E–100°W,
10°S–10°N), Indian (55°E–95°E,
25°S–0°S), North Atlantic
(70°W–20°W, 25°N–40°N),
North Pacific (170°E–130°W,
25°N–45°N), and South Pacific
(170°W–100°W, 35°S–15°S)
oceans. Circles indicate sig-
nificant (P < 0.05) prediction
skill: White circles indicate
that the chlorophyll forecast skill from the biogeochemical prediction system exceeds the persistent forecast skill; gray circles indicate
that the skill of the biogeochemical forecast is significant, but it is not significantly better than a persistence forecast. Three-month running
mean anomalies are used for the calculation of ACCs.
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remain evident beneath the mixed layer during
summer and reemerge when the mixed layer
deepens during the subsequent fall and winter
(Fig. 3A). High-NO3 anomalies then lead to ele-
vated chlorophyll during the following growing
season (Fig. 3B). A composite of high- versus low-
chlorophyll years (fig. S8) confirms that high-
NO3 anomalies are associated with enhanced
NO3-based spring phytoplankton production,
followed by enhanced ammonium-based (i.e., re-
cycled) production during the summer and fall.
This chlorophyll reemergence pattern resembles
the mechanism for predicting midlatitude SST
anomalies (34) but, unlike the predictable SST
signal, which occurs after the breakdown of sum-
mer stratification, the predictable chlorophyll sig-
nal occurs during the stratified period.
Other extratropical areas exhibit variations on

the basic reemergence mechanism illustrated for
the North Atlantic. The South Pacific reemer-
gence signal remains exceptionally strong through
2 years (Fig. 1E; Fig. 3, C and D; and fig. S9). In
the North Pacific, prediction skill is weaker and
limited in spatial extent (Fig. 1F; Fig. 3, E and F;
and fig. S10). This may reflect a greater role of
atmospheric iron deposition in the North Pacific
masked by our current use of a constant depo-
sition climatology (22) or stronger stochastic
atmospheric forcing causing irregular and spa-
tially less homogeneous chlorophyll fluctuations
relative to other regions (35).

Successful prediction of chlorophyll anomalies
in some regions across multiple years gives cause
for optimism concerning the utility of biogeo-
chemical predictions for marine resource appli-
cation. As a proof of concept, we considered the
capacity to anticipate interannual fluctuations in
aggregate fish catch using predicted chlorophyll
and SST, two known “bottom-up” drivers of fish
catch (12, 29, 30). We assessed predictions in
coastal large marine ecosystems (LMEs, fig. S11)
accounting for over 95% of global fish catch (36).
Annualmean fish-catch data were obtained from
the Sea Around Us project (37). Despite coarse
ocean grids that limit resolution of coastal circu-
lation and ecosystem processes, global climate pre-
diction systems have significant SST-forecasting
skill for many LMEs (38, 39), and our results
show that this also holds for interannual chloro-
phyll anomalies (fig. S12).
We assessed the potential for biogeochemical

predictions to inform interannual fish-catch fluc-
tuations in a subset of LMEs based on three con-
ditions. First, we identified LMEs in which past
interannual catch fluctuations are significantly cor-
related with observed SST or chlorophyll anom-
alies over the retrospective forecast period. We
considered both concurrent and 1-year–lagged
relationships. The concurrent relationship tests
for rapid catch responses such as immigration
during favorable conditions. A 1-year lag allows
for propagating environmental effects such as

recruitment of short-lived species.Whereas longer
lag responses between environmental drivers
and ecosystem responses are possible (40, 41),
contemporaneous or short lag signals have pro-
ven to be the most tractable for management-
driven forecasts (42) and are of primary interest
for assessing the utility of the interannual bio-
geochemical predictions herein. Twenty-five out
of the 54 heavily fished LMEs considered satis-
fied this first condition (Fig. 4 and figs. S13 and
S14). The absence of a significant relationship
in 29 LMEs does not imply that there are no
“bottom-up” constraints on these systems, only
that a relationship between interannual aggre-
gate catch and SST or chlorophyll anomalies
could not be discerned over the retrospective
forecast period.
Second, we subselected LMEs for which the

global biogeochemical prediction system could
predict observed annual mean SST or chlorophyll
anomalies with significant skill. Such cases were
ubiquitous, with 38 of 54 LMEs satisfying this
condition despite the model’s coarse ocean reso-
lution (fig. S12). Fifteen of these LMEs also satis-
fied our first condition (Fig. 4).
Third, we subselected LMEs in which the

bottom-up relationship was strong enough and
environmental predictions were skillful enough
to significantly explain the reported aggregate
interannual fish-catch anomalies. Consistent
with our first selection condition, predicted
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Fig. 1. Prediction skill in
reproducing observed
variations of monthly chloro-
phyll anomaly. (A) Chlorophyll
prediction skill measured by the
mean monthly anomaly corre-
lation coefficient (ACC)
between predicted and
observed (satellite) chlorophyll
at a 1- to 3-month lead time
during the period 1997–2017.
Stippled areas indicate that the
correlation is significantly
greater than 0 with 95% confi-
dence. Areas with less than
80% satellite chlorophyll cov-
erage are masked in gray.
(B to F) Chlorophyll prediction
skill as a function of forecast
initialization month (x axis)
and lead time (y axis) in the
Tropical Pacific (170°E–100°W,
10°S–10°N), Indian (55°E–95°E,
25°S–0°S), North Atlantic
(70°W–20°W, 25°N–40°N),
North Pacific (170°E–130°W,
25°N–45°N), and South Pacific
(170°W–100°W, 35°S–15°S)
oceans. Circles indicate sig-
nificant (P < 0.05) prediction
skill: White circles indicate
that the chlorophyll forecast skill from the biogeochemical prediction system exceeds the persistent forecast skill; gray circles indicate
that the skill of the biogeochemical forecast is significant, but it is not significantly better than a persistence forecast. Three-month running
mean anomalies are used for the calculation of ACCs.
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Are these result 
model dependent? 
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TRIATLAS WP8: A multi-model perspective	

Explore and quantify the limits of the seasonal to decadal predictability of 
relevant climate with three state-of-the-art ESM predictions systems  

ESM Prediction  
systems 
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TRIATLAS WP8: A multi-model perspective	

Explore and quantify the limits of the seasonal to decadal predictability of 
relevant climate with three state-of-the-art ESM predictions systems  

Seasonal Prediction Decadal Prediction 

Climate drivers BGC drivers 

 

[817578] [TRIATLAS] – Part B   [Page 10 of 123] 

USA) have shown the potential interest of using seasonal climate forecasts for providing marine ecosystem 
predictions at timescales that are relevant for fishery management and industry decisions (Hobday et al. 2016, Kaplan 
et al. 2016; Siedlecki et al. 2016). Moreover, decadal predictions have not been used in marine ecosystem 
applications, though their potential interest for marine environment has been highlighted (Salinger et al. 2016). 
Centennial scenarios are typically driven by the level of greenhouse gases concentration in the atmosphere. They can 
be classified as “boundary condition problems” (Meehl et al. 2014). On the contrary, climate predictions (seasonal 
to decadal) are “initial condition problems” that critically depend on our ability to characterise the initial state and to 
initialize simulations (Fig. 1.2). 
CT3 will go beyond the present state-of-the-art by bringing together climate and marine ecosystem modellers who 
will join their efforts to integrate several ESMs, ecosystem and fisheries models into a multi-model climate-to-fish 
prediction framework over the whole Atlantic Ocean (Fig. 1.2). For this, CT3 will benefit from the observational 
network and products from CT1 and from the understanding of the ecosystem-climate links studied in CT2. For the 
first time, physical (atmosphere and ocean), biogeochemical, ecosystem and fisheries predictions from seasonal to 
decadal timescales will be implemented to deliver tailored information of future marine ecosystem evolution and its 
associated uncertainty. In complement to these novel short to mid-term predictions, long-term scenarios simulations 
driven by RCPs and the SSP-based fishing effort scenarios developed (with stakeholder input) in CT4 will also be 
realized. Both predictions and scenarios will be made available to scientists, stakeholders and the wider public in 
South Africa, Brazil, and other countries bordering the Atlantic Ocean and interested in the evolution of marine 
ecosystems and fishery resources. 
 

 

Associated with document Ref. Ares(2019)2662562 - 16/04/2019

Towards ecosystem  
prediction  
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1.  Need to rely on model physics for reconstructing past BGC 
for initialization, which might limit our predictive capacity 

 
 

2.  The length of current observations of ocean BGC might be 
too short to produce reliable skill verification metrics 

 
 

3.  Current model biases (e.g. in the Tropical Atlantic) could 
compromise part of the predictive skill of climate, BGC 
and in turn, ecosystem variables 

 
 
Perfect model analyses emerge as a powerful tool to explore the 

sensitivity to those and other methodological aspects 

TRIATLAS WP8: Caveats	

Thanks for your attention!! 
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Biogeochemistry	activities	

Towards	an	ESM	to	study	carbon	cycle	and	biosphere		
Carbon	cycle	
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Marine	ecosystems	
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Cornerstones of Numerical Weather Prediction 

For a given  
atmospheric state 

we can solve the 
Governing equations 

within a discretized 
global climate model 

To make a weather 
prediction 

from: https://
www.earthsystemcog.org/
projects/esmf/ 

Good predictions rely 
on a good initialization 

of the model with 
observational data 



A	climate	modeling	Timeline	

From the 4th National Climate Assessment (US), Volume I 

Inclusion	of	new	components	

•  Allowed	the	representation	of	new	climate	and	biogeochemical	
processes	

	

•  Improved	the	ESMs	ability	to	represent	the	real	world		
	

•  Provides	a	new	framework	to	investigate	the	interactions	between	
the	different	components	



A	climate	modeling	Timeline	
Increase	in	spatial	resolution:	Atmosphere	

Today 

Typical climate 
model in 90s 

Default resolution 

“High” resolution 

Achieving	higher	resolutions	is	essential	to	better	represent	
orography,	and	its	effect	on	climate	(i.e.	in	precipitation)		
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Decadal climate prediction within CMIP6 

Contributions to CMIP6  
EC-Earth 3.3.1 in standard resolution (~1°) 

DCPP Component A:  
Retrospective Predictions [1960-2017] 
 
DCPP Component B: 
Near-real time Forecasts [2018 onwards] 
 
DECK+ScenarioMIP: 
Historical+SPSS2-4.5 [1850-2100] 

Other H2020 activities 
With EC-Earth 3.3.1 in high resolution (~0.25°) 
 DCPP Component A-like:  

Retrospective Predictions [1960-2017] 
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Observed	teleconnection	of	
Atlantic	Niño	with	winter	NIÑO	

Rodriguez-Fonseca	et	al	(2009) 

Exarchou et al. (in preparation) 

Regression JJA ATL3 vs SON SST	

CTRL Wind corrected 

ACC for NINO34	

Skill from interbasin telecomnections	
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Observed	teleconnection	of	
Atlantic	Niño	with	winter	NIÑO	

Rodriguez-Fonseca	et	al	(2009) 

Exarchou et al. (in preparation) 

Regression JJA ATL3 vs SON SST	

CTRL 

Relative difference Brier Score (Wind-CTRL)	

Wind corrected 

Skill from interbasin telecomnections	


